Hierarchical text classification, which aims to classify text documents into a given hierarchy, is an important task in many real-world applications. Recently, deep neural models are gaining increasing popularity for text classification due to their expressive power and minimum requirement for feature engineering. However, applying deep neural networks for hierarchical text classification remains challenging, because they heavily rely on a large amount of training data and meanwhile cannot easily determine appropriate levels of documents in the hierarchical setting. In this paper, we propose a weakly-supervised neural method for hierarchical text classification. Our method does not require a large amount of training data but requires only easy-to-provide weak supervision signals such as a few class-related documents or keywords. Our method effectively leverages such weak supervision signals to generate pseudo documents for model pre-training, and then performs self-training on real unlabeled data to iteratively refine the model. During the training process, our model features a hierarchical neural structure, which mimics the given hierarchy and is capable of determining the proper levels for documents with a blocking mechanism. Experiments on three datasets from different domains demonstrate the efficacy of our method compared with a comprehensive set of baselines 1 .
Introduction
Hierarchical text classification, which aims at classifying text documents into classes that are organized into a hierarchy, is an important text mining and natural language processing task. Unlike flat text classification, hierarchical text classification considers the interrelationships among classes and allows for organizing documents into a natural hierarchical structure. It has a wide variety of applications such as semantic classification (Tang, Qin, and Liu 2015) , question answering (Li and Roth 2002) , and web search organization (Dumais and Chen 2000) .
Traditional flat text classifiers (e.g., SVM, logistic regression) have been tailored in various ways for hierarchical text classification. Early attempts (Ceci and Malerba 2006) (Kim 2014; Yang et al. 2016 ) largely reduce feature engineering efforts by learning distributed representations that capture text semantics. Meanwhile, they provide stronger expressive power over traditional classifiers, thereby yielding better performance when large amounts of training data are available.
Motivated by the enjoyable properties of deep neural networks, we explore using deep neural networks for hierarchical text classification. Despite the success of deep neural models in flat text classification and their advantages over traditional classifiers, applying them to hierarchical text classification is nontrivial because of two major challenges. The first challenge is that the training data deficiency prohibits neural models from being adopted. Neural models are data hungry and require humans to provide tons of carefully-labeled documents for good performance. In many practical scenarios, however, hand-labeling excessive documents often requires domain expertise and can be too expensive to realize. The second challenge is to determine the most appropriate level for each document in the class hierarchy. In hierarchical text classification, documents do not necessarily belong to leaf nodes and may be better assigned to intermediate nodes. However, there are no simple ways for existing deep neural networks to automatically determine the best granularity for a given document.
In this work, we propose a neural approach named WeSHClass, for Weakly-Supervised Hierarchical Text Classification and address the above two challenges. Our approach is built upon deep neural networks, yet it requires only a small amount of weak supervision instead of excessive training data. Such weak supervision can be either a few (e.g., less than a dozen) labeled documents or class-correlated keywords, which can be easily provided by users. To leverage such weak supervision for effective classification, our approach employs a novel pretrain-and-refine paradigm. Specifically, in the pre-training step, we leverage user-provided seeds to learn a spherical distribution for each class, and then generate pseudo documents from a language model guided by the spherical distribution. In the refinement step, we iteratively bootstrap the global model on real unlabeled documents, which self-learns from its own high-confident predictions.
WeSHClass automatically determines the most appropriate level during the classification process by explicitly modeling the class hierarchy. Specifically, we pre-train a local classifier at each node in the class hierarchy, and aggregate the classifiers into a global one using self-training. The global classifier is used to make final predictions in a top-down recursive manner. During recursive predictions, we introduce a novel blocking mechanism, which examines the distribution of a document over internal nodes and avoids mandatorily pushing general documents down to leaf nodes.
Our contributions are summarized as follows:
1. We design a method for hierarchical text classification using neural models under weak supervision. WeSHClass does not require large amounts of training documents but just easy-to-provide word-level or document-level weak supervision. In addition, it can be applied to different classification types (e.g., topics, sentiments).
2. We propose a pseudo document generation module that generates high-quality training documents only based on weak supervision sources. The generated documents serve as pseudo training data which alleviate the training data bottleneck together with the subsequent self-training step.
3. We propose a hierarchical neural model structure that mirrors the class taxonomy and its corresponding training method, which involves local classifier pre-training and global classifier self-training. The entire process is tailored for hierarchical text classification, which automatically determines the most appropriate level of each document with a novel blocking mechanism.
4. We conduct a thorough evaluation on three real-world datasets from different domains to demonstrate the effectiveness of WeSHClass. We also perform several case studies to understand the properties of different components in WeSHClass.
Problem Formulation
We study hierarchical text classification that involves treestructured class categories. Specifically, each category can belong to at most one parent category and can have arbitrary number of children categories. Following the definition in (Silla and Freitas 2010) , we consider non-mandatory leaf prediction, wherein documents can be assigned to both internal and leaf categories in the hierarchy.
Traditional supervised text classification methods rely on large amounts of labeled documents for each class. In this work, we focus on text classification under weak supervision. Given a class taxonomy represented as a tree T , we ask the user to provide weak supervision sources (e.g., a few classrelated keywords or documents) only for each leaf class in T . Then we propagate the weak supervision sources upwards in T from leaves to root, so that the weak supervision sources of each internal class are an aggregation of weak supervision sources of all its descendant leaf classes. Specifically, given M leaf node classes, the supervision for each class comes from one of the following:
, where S j = {w j,1 , . . . , w j,k } represents a set of k keywords correlated with class C j ;
, where D L j = {D j,1 , . . . , D j,l } denotes a small set of l (l corpus size) labeled documents in class C j . Now we are ready to formulate the hierarchical text classification problem. Given a text collection D = {D 1 , . . . , D N }, a class category tree T , and weak supervisions of either S or D L for each leaf class in T , the weakly-supervised hierarchical text classification task aims to assign the most likely label C j ∈ T to each D i ∈ D, where C j could be either an internal or a leaf class.
Pseudo Document Generation
To break the bottleneck of lacking abundant labeled data for model training, we leverage user-given weak supervision to generate pseudo documents, which serve as pseudo training data for model pre-training. In this section, we first introduce how to leverage weak supervision sources to model class distributions in a spherical space, and then explain how to generate class-specific pseudo documents based on class distributions and a language model.
Modeling Class Distribution
We model each class as a high-dimensional spherical probability distribution which has been shown effective for various tasks (Zhang et al. 2017) . We first train Skip-Gram model (Mikolov et al. 2013 ) to learn d-dimensional vector representations for each word in the corpus. Since directional similarities between vectors are more effective in capturing semantic correlations (Banerjee et al. 2005; Levy, Goldberg, and Dagan 2015) , we normalize all the d-dimensional word embeddings so that they reside on a unit sphere in R d . For each class C j ∈ T , we model the semantics of class C j as a mixture of von Mises Fisher (movMF) distributions (Banerjee et al. 2005; Gopal and Yang 2014) 
where I r (·) represents the modified Bessel function of the first kind at order r. We choose the number of components in movMF for leaf and internal classes differently:
• For each leaf class C j , we set the number of vMF component m = 1, and the resulting movMF distribution is equivalent to a single vMF distribution, whose two parameters, the mean direction µ and the concentration parameter κ, act as semantic focus and concentration for C j .
• For each internal class C j , we set the number of vMF component m to be the number of its children classes. Recall that we only ask the user to provide weak supervision sources at the leaf classes, and the weak supervision source of C j are aggregated from its children classes. The semantics of a parent class can thus be seen as a mixture of the semantics of its children classes.
We first retrieve a set of keywords for each class given the weak supervision sources, then fit movMF distributions using the embedding vectors of the retrieved keywords. Specifically, the set of keywords are retrieved as follows: (1) When users provide related keywords S j for each class j, we use the average embedding of these seed keywords to find top-n closest keywords in the embedding space; (2) When users provide documents D L j that are correlated with class j, we extract n representative keywords from D L j using tf-idf weighting. The parameter n above is set to be the largest number that does not result in shared words across different classes. Compared to directly using weak supervision signals, retrieving relevant keywords for modeling class distributions has a smoothing effect which makes our model less sensitive to the weak supervision sources.
Let X be the set of embeddings of the n retrieved keywords on the unit sphere, i.e.,
we use the Expectation Maximization (EM) framework (Banerjee et al. 2005) to estimate the parameters Θ of the movMF distributions:
• E-step:
, where Z = {z 1 , . . . , z n } is the set of hidden random variables that indicate the particular vMF distribution from which the points are sampled;
• M-step:
where we use the approximation procedure based on Newton's method (Banerjee et al. 2005) to derive an approximation of κ Language Model Based Document Generation After obtaining the distributions for each class, we use an LSTMbased language model (Sundermeyer, Schlüter, and Ney 2012) to generate meaningful pseudo documents. Specifically, we first train an LSTM language model on the entire corpus. To generate a pseudo document of class C j , we sample an embedding vector from the movMF distribution of C j and use the closest word in embedding space as the beginning word of the sequence. Then we feed the current sequence to the LSTM language model to generate the next word and attach it to the current sequence recursively 2 . Since the beginning word of the pseudo document comes directly from the class distribution, the generated document is ensured to be correlated to C j . By virtue of the mixture distribution modeling, the semantics of every children class (if any) of C j gets a chance to be included in the pseudo documents, so that the resulting trained neural model will have better generalization ability.
The Hierarchical Classification Model
In this section, we introduce the hierarchical neural model and its training method under weakly-supervised setting.
Local Classifier Pre-Training
We construct a neural classifier M p (M p could be any text classifier such as CNNs or RNNs) for each class C p ∈ T if C p has two or more children classes. Intuitively, the classifier M p aims to classify the documents assigned to C p into its children classes for more fine-grained predictions. For each
The local classifiers perform local text classification at internal nodes in the hierarchy, and serve as building blocks that can be later ensembled into a global hierarchical classifier. We generate β pseudo documents per class and use them to pre-train local classifiers with the goal of providing each local classifier with a good initialization for the subsequent self-training step. To prevent the local classifiers from overfitting to pseudo documents and performing badly on classifying real documents, we use pseudo labels instead of one-hot encodings in pre-training. Specifically, we use a hyperparameter α that accounts for the "noises" in pseudo documents, and set the pseudo label l * i for pseudo document
where m is the total number of children classes at the corresponding local classifier. After creating pseudo labels, we pre-train each local classifier M p of class C p using the pseudo documents for each children class of C p , by minimizing the KL divergence loss from outputs Y of M p to the pseudo labels L * , namely
Global Classifier Self-Training
At each level k in the class taxonomy, we need the network to output a probability distribution over all classes. Therefore, we construct a global classifier G k by ensembling all local classifiers from root to level k. The ensemble method is shown in Figure 1 . The multiplication operation conducted between parent classifier output and children classifier output can be explained by the conditional probability formula:
where D i is a document; C c is one of the children classes of C p . This formula can be recursively applied so that the final prediction is the multiplication of all local classifiers' outputs on the path from root to the destination node. Greedy top-down classification approaches will propagate misclassifications at higher levels to lower levels, which can never be corrected. However, the way we construct the global classifier assigns documents soft probability at each level, and the final class prediction is made by jointly considering all classifiers' outputs from root to the current level via multiplication, which gives lower-level classifiers chances to correct misclassifications made at higher levels.
At each level k of the class taxonomy, we first ensemble all local classifiers from root to level k to form the global classifier G k , and then use G k 's prediction on all unlabeled real documents to refine itself iteratively. Specifically, for each unlabeled document D i , G k outputs a probability distribution y ij of D i belonging to each class j at level k, and we set pseudo labels to be (Xie, Girshick, and Farhadi 2016) :
where f j = i y ij is the soft frequency for class j.
The pseudo labels reflect high-confident predictions, and we use them to guide the fine-tuning of G k , by iteratively (1) computing pseudo labels L * * based on G k 's current predictions Y and (2) minimizing the KL divergence loss from Y to L * * . This process terminates when less than δ% of the documents in the corpus have class assignment changes. Since G k is the ensemble of local classifiers, they are fine-tuned simultaneously via back-propagation during self-training. We will demonstrate the advantages of using global classifier over greedy approaches in the experiments.
Blocking Mechanism
In hierarchical classification, some documents should be classified into internal classes because they are more related to general topics rather than any of the more specific topics, which should be blocked at the corresponding local classifier from getting further passed to children classes.
When a document D i is classified into an internal class C j , we use the output q of C j 's local classifier to determine whether or not D i should be blocked at the current class: if q is close to a one-hot vector, it strongly indicates that D i should be classified into the corresponding child; if q is close to a uniform distribution, it implies that D i is equally relevant or irrelevant to all the children of C j and thus more likely a general document. Therefore, we use normalized entropy as the measure for blocking. Specifically, we will block D i from being further passed down to C j 's children if
where m ≥ 2 is the number of children of C j ; 0 ≤ γ ≤ 1 is a threshold value. When γ = 1, no documents will be blocked and all documents are assigned into leaf classes.
Inference
The hierarchical classification model can be directly applied to classify unseen samples after training. When classifying an unseen document, the model will directly output the probability distribution of that document belonging to each class at each level in the class hierarchy. The same blocking mechanism can be applied to determine the appropriate level that the document should belong to.
Algorithm Summary
Algorithm 1 puts the above pieces together and summarizes the overall model training process for hierarchical text classification. As shown, the overall training is proceeded in a top-down manner, from root to the final internal level. At each level, we generate pseudo documents and pseudo labels to pre-train each local classifier. Then we self-train the ensembled global classifier using its own predictions in an iterative manner. Finally we apply blocking mechanism to block general documents, and pass the remaining documents to the next level.
Experiments Experiment Settings
Datasets and Evaluation Metrics We use three corpora from three different domains to evaluate the performance of our proposed method:
Algorithm 1: Overall Network Training.
; a class category tree T ; weak supervisions W of either S or D L for each leaf class in T . Output:
, where Ci ∈ T is the most specific class label for Di. • The New York Times (NYT): We crawl 13, 081 news articles using the New York Times API 3 . This news corpus covers 5 super-categories and 25 sub-categories.
• arXiv: We crawl paper abstracts from arXiv website 4 and keep all abstracts that belong to only one category. Then we include all sub-categories with more than 1, 000 documents out of 3 largest super-categories and end up with 230, 105 abstracts from 53 sub-categories.
• Yelp Review: We use the Yelp Review Full dataset (Zhang, Zhao, and LeCun 2015) and take its testing portion as our dataset. The dataset contains 50, 000 documents evenly distributed into 5 sub-categories, corresponding to user ratings from 1 star to 5 stars. We consider 1 and 2 stars as "negative", 3 stars as "neutral", 4 and 5 stars as "positive", so we end up with 3 super-categories. Table 1 provides the statistics of the three datasets; Table 2  and 3 show some sample sub-categories of NYT and arXiv datasets. We use Micro-F1 and Macro-F1 scores as metrics for classification performances.
Baselines We compare our proposed method with a wide range of baseline models, described as below: (2) cosmos, environment Sports (7) hockey, basketball, tennis, golf, . . . • Hier-Dataless (Song and Roth 2014): Dataless hierarchical text classification 5 can only take word-level supervision sources. It embeds both class labels and documents in a semantic space using Explicit Semantic Analysis (Gabrilovich and Markovitch 2007) on Wikipedia articles, and assigns the nearest label to each document in the semantic space. We try both the top-down approach and bottom-up approach, with and without the bootstrapping procedure, and finally report the best performance. • WeSTClass (Meng et al. 2018 ): Weakly-supervised neural text classification can take both word-level and documentlevel supervision sources. It first generates bag-of-words pseudo documents for neural model pre-training, then bootstraps the model on unlabeled data.
• No-global: This is a variant of WeSHClass without the global classifier, i.e., each document is pushed down with local classifiers in a greedy manner.
• No-vMF: This is a variant of WeSHClass without using movMF distribution to model class semantics, i.e., we randomly select one word from the keyword set of each class as the beginning word when generating pseudo documents.
• No-selftrain: This is a variant of WeSHClass without self-training module, i.e., after pre-training each local classifier, we directly ensemble them as a global classifier at each level to classify unlabeled documents.
Parameter Settings For all datasets, we use Skip-Gram model (Mikolov et al. 2013 ) to train 100-dimensional word embeddings for both movMF distributions modeling and classifier input embeddings. We set the pseudo label parameter α = 0.2, the number of pseudo documents per class for pretraining β = 500, and the self-training stopping criterion δ = 0.1. We set the blocking threshold γ = 0.9 for NYT dataset where general documents exist and γ = 1 for the other two. Although our proposed method can use any neural model as local classifiers, we empirically find that CNN model always results in better performances than RNN models, such as LSTM (Hochreiter and Schmidhuber 1997) and Hierarchical Attention Networks (Yang et al. 2016) . Therefore, we report the performance of our method by using CNN model with one convolutional layer as local classifiers. Specifically, the filter window sizes are 2, 3, 4, 5 with 20 feature maps each. Both the pre-training and the self-training steps are performed using SGD with batch size 256.
Weak Supervision Settings
The seed information we use as weak supervision for different datasets are described as follows: (1) When the supervision source is class-related keywords, we select 3 keywords for each leaf class; (2) When the supervision source is labeled documents, we randomly sample c documents of each leaf class from the corpus (c = 3 for NYT and arXiv; c = 10 for Yelp Review) and use them as given labeled documents. To alleviate the randomness, we repeat the document selection process 10 times and show the performances with average and standard deviation values.
We list the keyword supervisions of some sample classes for NYT dataset as follows: Immigration (immigrants, immigration, citizenship); Dance (ballet, dancers, dancer); Environment (climate, wildlife, fish).
Quantitative Comparision
We show the overall text classification results in Table 4 . WeSHClass achieves the overall best performance among all the baselines on the three datasets. Notably, when the supervision source is class-related keywords, WeSHClass outperforms Hier-Dataless and WeSTClass, which shows that WeSHClass can better leverage word-level supervision sources in hierarchical text classification. When the supervision source is labeled documents, WeSHClass has not only higher average performance, but also better stability than the supervised baselines. This demonstrates that when training documents are extremely limited, WeSHClass can better leverage the insufficient supervision for good performances and is less sensitive to seed documents.
Comparing WeSHClass with several ablations, Noglobal, No-vMF and No-self-train, we observe the effectiveness of the following components: (1) ensemble of local classifiers, (2) modeling class semantics as movMF distributions, and (3) self-training. The results demonstrate that all these components contribute to the performance of WeSHClass.
Component-Wise Evaluation
In this subsection, we conduct a series of breakdown experiments on NYT dataset using class-related keywords as weak supervision to further investigate different components in our proposed method. We obtain similar results on the other two datasets.
Pseudo Documents Generation The quality of the generated pseudo documents is critical to our model, since highquality pseudo documents provide a good model initialization. Therefore, we are interested in which pseudo document generation method gives our model best initialization for the subsequent self-training step. We compare our document generation strategy (movMF + LSTM language model) with the following two methods:
• Bag-of-words (Meng et al. 2018 ): The pseudo documents are generated from a mixture of background unigram distribution and class-related keywords distribution.
• Bag-of-words + reordering: We first generate bag-of-words pseudo documents as in the previous method, and then use the globally trained LSTM language model to reorder the pseudo documents by greedily putting the word with the highest probability at the end of the current sequence. The beginning word is randomly chosen.
We showcase some generated pseudo document snippets of class "politics" for NYT dataset using different methods in Table 5 . Bag-of-words method generates pseudo documents without word order information; bag-of-words method with reordering generates text of high quality at the beginning, but poor near the end, which is probably because the "proper" words have been used at the beginning, but the remaining words are crowded at the end implausibly; our method generates text of high quality.
To compare the generalization ability of the pre-trained models with different pseudo documents, we show their subsequent self-training process (at level 1) in Figure 2 (a). We notice that our strategy not only makes self-training converge faster, but also has better final performance.
Global Classifier and Self-training We proceed to study why using self-trained global classifier on the ensemble of local classifiers is better than greedy approach. We show the self-training procedure of the global classifier at the final level in Figure 2(b) , where we demonstrate the classification accuracy at level 1 (super-categories), level 2 (sub-categories) and of all classes. Since at the final level, all local classifiers are ensembled to construct the global classifier, self-training of the global classifier is the joint training of all local classifiers. The result shows that the ensemble of local classifiers for joint training is beneficial for improving the accuracy at all levels. If a greedy approach is used, however, higher-level classifiers will not be updated during lower-level classification, and misclassification at higher levels cannot be corrected.
Blocking During Self-training We demonstrate the dynamics of the blocking mechanism during self-training. Figure 2(c) shows the average normalized entropy of the corresponding local classifier output for each document in NYT dataset, and Figure 2(d) shows the total number of blocked documents during the self-training procedure at the final level. Recall that we enhance high-confident predictions to refine our model during self-training. Therefore, the average normalized entropy decreases during self-training, implying there is less uncertainty in the outputs of our model. Correspondingly, fewer documents will be blocked, resulting in more available documents for self-training. 
Related Work Weakly-Supervised Text Classification
There exist some previous studies that use either word-based supervision or limited amount of labeled documents as weak supervision sources for the text classification task. WeSTClass (Meng et al. 2018 ) leverages both types of supervision sources. It applies a similar procedure of pre-training the network with pseudo documents followed by self-training on unlabeled data. Descriptive LDA (Chen et al. 2015 ) applies an LDA model to infer Dirichlet priors from given keywords as category descriptions. The Dirichlet priors guide LDA to induce the category-aware topics from unlabeled documents for classification. (Ganchev et al. 2010) propose to encode prior knowledge and indirect supervision in constraints on posteriors of latent variable probabilistic models. Predictive text embedding (Tang, Qu, and Mei 2015) utilizes both labeled and unlabeled documents to learn text embedding specifically for a task. Labeled data and word co-occurrence information are first represented as a large-scale heterogeneous text network and then embedded into a low dimensional space. The learned embedding are fed to logistic regression classifiers for classification. None of the above methods are specifically designed for hierarchical classification.
Hierarchical Text Classification
There have been efforts on using SVM for hierarchical classification. (Dumais and Chen 2000; Liu et al. 2005) propose to use local SVMs that are trained to distinguish the children classes of the same parent node so that the hierarchical classification task is decomposed into several flat classification tasks. (Cai and Hofmann 2004) define hierarchical loss function and apply cost-sensitive learning to generalize SVM learning for hierarchical classification. A graph-CNN based deep learning model is proposed in (Peng et al. 2018) to convert text to graph-of-words, on which the graph convolution operations are applied for feature extraction. FastXML (Prabhu and Varma 2014) is designed for extremely large label space. It learns a hierarchy of training instances and optimizes a ranking-based objective at each node of the hierarchy. The above methods rely heavily on the quantity and quality of training data for good performance, while WeSHClass does not require much training data but only weak supervision from users. Hierarchical dataless classification (Song and Roth 2014) uses class-related keywords as class descriptions, and projects classes and documents into the same semantic space by retrieving Wikipedia concepts. Classification can be performed in both top-down and bottom-up manners, by measuring the vector similarity between documents and classes. Although hierarchical dataless classification does not rely on massive training data as well, its performance is highly influenced by the text similarity between the distant supervision source (Wikipedia) and the given unlabeled corpus.
Conclusions
We proposed a weakly-supervised hierarchical text classification method WeSHClass. Our designed hierarchical network structure and training method can effectively leverage (1) different types of weak supervision sources to generate high-quality pseudo documents for better model generalization ability, and (2) class taxonomy for better performances than flat methods and greedy approaches. WeSHClass outperforms various supervised and weakly-supervised baselines in three datasets from different domains, which demonstrates the practical value of WeSHClass in real-world applications. In the future, it is interesting to study what kinds of weak supervision are most effective for the hierarchical text classification task and how to combine multiple sources together to achieve even better performance.
